The elaboration of maps to characterize the spatial variability of soil attributes assists in the strategic planning and decision making of agricultural managers. Precision and accuracy of maps are related to the ideal sampling density to characterize the variability pattern. This study was conducted with the aim of identifying the sampling density to represent the variability of soil physical quality using attributes with different magnitudes of variation in an area cultivated with coffee. Three approaches were used to find the most adequate sampling density (geostatistical analysis, percentage of error associated with the sampling density, and coefficient of variation). A total of 145 soil samples were collected at a depth of 0-0.20 m at the crossing points of a regular grid with a spacing of 50 m. The percentage of clay, silt, and sand, macroporosity, microporosity, total pore volume, and soil density were determined. The data were submitted to descriptive statistical analysis. For elaborating the variability maps with up to 15% error and soil attributes with a coefficient of variation close to 50%, a sampling density of 3 points ha −1 is suggested.
INTRODUCTION
Technological advances observed in the last decades have allowed an improvement in crop management and productivity. Machines, implements, and sensors for use in agriculture have been perfected over the years in order to provide better conditions for producers to manage crops. However, some deficiencies still hinder the correct implementation of precision agriculture (PA) despite these advances.
One of these main deficiencies is the knowledge on the spatial variability of soil attributes, which forms the basis of PA (Montanari et al., 2012) . Variability of soil attributes occurs naturally in soils as a result of the performance of soil formation factors (Jenny, 1941) or as a product of anthropogenic interference that conditioned its existence.
The knowledge, understanding, and interpretation of how soil attributes vary in space have a great influence on crop productivity (Fortes et al., 2015) .
The generation of spatial information on soil attributes can contribute to design an appropriate scheme for its sampling (Kerry et al., 2010) . The definition of sampling involves selecting the most efficient method to choose the samples that will be used to estimate the properties of the study area (Pennock et al., 2006) . However, in most cases, soil sampling is not performed following a sample density adequate to capture the variability of the studied attribute on the desired scale, with cases in which the amount of collected samples is not sufficient or excessive, being a very onerous task (Söderström et al., 2016) . Several studies have focused on the characterization of sampling density for different regions and work scales. Marques mapped micronutrients in the State of São Paulo and proposed a sampling density of one point every 10 ha on a state scale. Aquino et al. (2014c) proposed a sampling density of 5 points per hectare on an ultra-detailed scale for the study of variability in Archeological Dark Earth. Siqueira et al. (2015) and Teixeira et al. (2017) proposed a sampling density of one point every 7 ha.
Thus, the characterization of the variability is performed by collecting soil samples and analyzing their physicochemical characteristics, with a subsequent geostatistical analysis, which is an attractive tool for the establishment of sampling densities when the variation of soil properties is well characterized by the semivariogram (Kerry & Oliver, 2004) . The range, a semivariogram parameter, informs about the limit spacing to which a given soil property has spatial continuity.
Other methodologies can be used to achieve an optimum sampling density. Kerry & Oliver (2004) showed that when there is no spatial information on a particular soil attribute, the average ranges of semivariograms of other related attributes could be used as long as they are Engenharia Agrícola, Jaboticabal, v.38, n.5, p.718-727, sep./oct. 2018 obtained in an area with similar geology, pedology, climate, and vegetation. Revoredo (2015) used the methodology of Ding-Geng & Peace (2011) to propose sampling densities for leafhoppers in different landscape forms by using the coefficient of variation. Another methodology used for sampling planning is that proposed by Cline (1944) , which also uses the coefficient of variation of the variable under study and admits a certain sampling error defined by the researcher. Montanari et al. (2008) also used this methodology to define sampling densities of chemical attributes in an area of sugarcane cultivation.
Thus, this study aimed to define an appropriate sampling density to represent the variability of soil physical quality using three approaches: a) semivariogram range, b) the methodology proposed by Cline (1944) , and c) the methodology proposed by Ding-Geng & Peace (2011) , in addition to an estimate of possible sampling costs.
MATERIAL AND METHODS
The study was conducted at the Olho de Águia Farm, located in Guimarânia, in the Alto Paranaíba region, southwestern Minas Gerais, Brazil. The area is located at the geographical coordinates 18°17′ S and 46°59′ W. Altitude varies from 800 to 1.200 meters (Figure 1 ). Regional climate is characterized by temperatures from 18 to 24 °C in the coldest and warmest months, respectively, with an annual average of 21.9 °C, being classified as Aw (tropical with a dry season) according to the Köppen classification. The autumn-winter period is characterized by being predominantly dry and the spring-summer period is more humid, with the highest percentage of precipitation (80% of the annual precipitation). The average annual precipitation is 1600 mm. The predominant remaining natural vegetation is the Cerrado, which in some parts has a vegetation of higher and compact size (plateau).
In the study area, the parent material from the Bambuí Group predominates, which is composed of metaphylites on sediment deposits of the Tertiary. The soil of the study area is classified as an Oxisol (Latossolo Vermelho-Amarelo, Brazilian Soil Classification System) (EMBRAPA, 2006) . The surface of the area covers 32 hectares, which has been used for coffee production for 18 years with the cultivar Catuaí (Coffea arabica), with a spacing of 4.0 × 0.75 m. A sampling grid with a regular spacing of 50 m was installed in the area. Soil samples were collected at a depth of 0-0.20 m at the crossing points of the grid, totalizing 145 samples. Disturbed soil samples were collected using a Dutch auger. Undisturbed soil samples were collected with volumetric rings of 0.02 m in height and 0.04 m in diameter.
The studied attributes were the percentage of clay, silt, and total sand (TS), macroporosity (MA, %), microporosity (MI, %), total pore volume (TPV, %), and soil density (Ds, ). Particle size distribution of samples was carried out by the pipette method using 0.1 N NaOH solution as a chemical dispersant followed by mechanical stirring in a low rotation apparatus during 16 hours, with the consequent separation of fractions following the Stokes' Law. For determining the macroporosity, microporosity, and TPV, undisturbed soil samples were saturated for 48 h in a tray with water up to two-thirds of the ring height. After this period, samples were drained to a potential equivalent to −0.006 MPa using a tension table (EMBRAPA, 1997). Ds was determined by the known volume method (EMBRAPA, 1997). These attributes play an essential role in soil physical quality, especially in perennial crops such as orange and coffee (Siqueira et al., 2010b) .
Data distribution was described by using statistical parameters such as the mean, median, coefficient of variation, and skewness coefficient, using the R software 3.5 version (R Core Team, 2018) . Geostatistical analyses were performed by using the software Surfer 8.0, with semivariograms and spatial continuity maps being obtained for each soil attribute. The spatial dependence was classified according to the methodology proposed by Cambardella et al. (1994) , who used the relation between the nugget effect and the total semivariance (C0/C0+C1) × 100, expressed as a percentage. This author classifies the degree of spatial dependence as weak when the relation is higher than 75%, moderate when the relation is between 25 and 75%, and strong when the relation is lower than 25%.
Engenharia Agrícola, Jaboticabal, v.38, n.5, p.718-727, sep./oct. 2018 The range, which is a semivariogram parameter, was used for sampling planning, constituting the first methodology, being considered as one of the sides of a square. The area of the square was calculated to know until how many hectares the soil attributes presented spatial dependence (1). The second methodology used to define the sampling density was that proposed by Cline (1944) . Its formula uses the coefficient of variation of the data set, the Student t value, and allows defining a certain percentage of the sampling error (2). The third methodology was that proposed by Ding-Geng & Peace (2011) . This methodology is very similar to that proposed by Cline (1944) because it also uses the coefficient of variation of the data set for defining the sampling density and the accepted sampling error. However, in the methodology proposed by Cline (1944) , it is possible to establish several error percentages, which is not possible in the Ding-Geng & Peace (2011) formula, which only admits a 5% error (3).
= (a) 2
(1)
Where, a is the range of the semivariogram;
is the minimum number of samples required for an optimal sampling density; tα is the Student t value; is the coefficient of variation of the considered attribute (%); E is the sampling error (%), and is the 5% sampling error.
In the Cline (1944) (2) formula, several sampling error levels can be established. Thus, error levels of 5, 10, 15, 20, 25, and 30% were considered for estimating the number of soil samples per hectare for the attribute clay. This attribute was used because it is closely related to soil physical quality.
This estimation was carried out aiming at obtaining the possible sampling costs that the producer will have when considering different levels of sampling error and coefficients of variation of the studied soil attribute (in this case, clay). For calculating the sampling costs, a value of BRL 30.00 per sample was considered, as the following formula (4):
Where, is the sampling cost, and is the number of samples.
RESULTS AND DISCUSSION
The descriptive statistics for soil attributes is shown in Table 1 . The soil is characterized as clayey due to the high clay content observed in the area (>65%). The percentage of MA was higher than MI, with a TPV value close to 50%. The soil of the area showed a low Ds, which indicates the absence of soil compaction. Clay content, MI, TPV, and Ds presented a negative skewness, with the data set of these attributes slightly concentrated to the left of the normal curve. In contrast, the percentage of TS, silt, and MA showed a positive skewness, with values concentrated on the right of the normal curve.
The coefficient of variation (CV) for the studied attributes ranged from 4.47 to 70.65%. CV is an interesting parameter because it allows inferring about the variability of a given attribute (Wilding & Dress, 1983) . A low CV value indicates that there is little soil attribute variability in a given area. Warrick & Nielsen (1980) classified the coefficients of variation of different soil physical attributes. Following their criteria, the attributes of the studied soil presented a low (CV≤12%), moderate (12-25%), and high (>25%) variability in the area. Ceddia et al. (2009) found low values of coefficient of variation for soil density and sand (<10%) and high values for silt and clay (>40%). Santos et al. (2017) studied the physical attributes of a sandy textured Oxisol cultivated with conilon coffee and found a lower coefficient of variation for macropores (27.60%), total sand (8.72%), silt (18.43%), and clay (18.30%) when compared to the results obtained in our study, being the result of differences in the soil type found in the area. Carmo et al. (2016) , studying the quality of the beverage coffee as a function of soil color and attributes of an Ultisol (Argissolo Vermelho Amarelo, Brazilian Soil Classification System) from sandstone in the State of São Paulo, verified coefficients of variation for clay that ranged from 17 to 24%. On the other hand, Sanchez et al. (2005) studied the soil physical attributes of an Oxisol (Latossolo Vermelho-Amarelo, Brazilian Soil Classification System) cultivated with coffee in the State of Minas Gerais and observed, on average, coefficients of variation of 10% for clay content.
Although very useful to indicate the variability of data, CV does not establish relations of spatial dependence between samples, being the geostatistics the most adequate tool for studying these relations (Camargo et al., 2010) .
Semivariograms presenting the spatial dependence of the studied soil physical attributes are shown in Figure  2 , as well as their respective parameters (Table 2 ). All the attributes were adjusted to the exponential theoretical model, except for TS and MI. This type of adjustment is typical where differences in soil type are the main contributors to the variation in soil attributes (Webster & Oliver, 2008) and represents processes that have the highest loss of spatial similarity. In other words, the value of an attribute does not present a continuous variation in the space and much higher or much lower values can happen suddenly. For TS, the adjusted model was Gaussian, which represents the most known continuous processes, with a slower increase at the beginning and a point of inflection before the range (Grego et al., 2014) . Soil attributes presented high ranges, with values varying from 108.82 to 294.62 m. The range value reflects the condition or distance to which the samples are related to each other or have information in common. A low range represents a higher spatial variability of a given soil attribute, being homogeneous only at a short distance. When the range presents a high value, the attribute shows a lower spatial variation, being more homogeneous at longer distances. Silt presented the lowest value of range, showing a higher spatial variability. TPV presented a range slightly higher than 150 m and the other attributes showed ranges higher than 200 m. In addition, TS was the most homogeneous attribute, demonstrated by a range value close to 300 m. Similar results were observed in areas with similar geology and pedology (Sanchez et al., 2005; Carmo et al., 2016; Siqueira et al., 2010b) , which reinforce the relationship between soil physical quality and the geology of the area.
The attributes presented spatial dependence. This index indicates how much the attributes are spatially related to each other. Following the classification proposed by Cambardella et al. (1994) , the attributes clay and TS presented a strong spatial dependence (<25%). On the other hand, silt, MA, MI, Ds, and TPV showed a moderate spatial dependence (25-75%). Similar results were found by Silva & Lima (2013) and Aquino et al. (2014b) , who observed that clay, TS, and Ds are considered as the attributes that have a strong spatial dependence. These authors also observed that silt is considered as an attribute with moderate spatial dependence. Thus, the understanding and the analysis of spatial dependence can assist in identifying the underlying structure of soil attributes to infer about the main processes related to soil physical quality, being also related to factors and processes of soil formation (Trangmar et al., 1985) , which may have caused this variability. The highest values of soil density were observed in sites with a higher sand content. This happens because the minimum water content in the particle surface of the sand fraction is enough to lubricate the sliding of particles and promote their arrangement, which reduces the porous space. The spatial distribution map of TPV confirms this result. The sampling densities obtained from the geostatistical analysis using the range of the semivariogram (Eq. 1) are shown in Table 3 . Clay contents and MI showed a similar behavior, with a sample every 5.44 and 5, 66 hectares, respectively (0.18 points ha −1 ).
The variable TS showed a homogeneous spatial continuity when compared to the other attributes, requiring only one sample every 8.68 hectares (0.12 points ha −1 ) to characterize its variability. MA and Ds also presented a similar sampling density, requiring a sample every 6.53 and 6.88 hectares (0.15 points ha −1 ), respectively. For silt and TPV, which presented higher spatial variability, a higher number of samples should be considered to characterize their distributions, with a point every 1.18 and 2.61 hectares (0.84 and 0.38 points ha −1 ), respectively. A: range, *A^2, **(A^2)/10000 = 1 soil sample every 5.44 hectares, 1 soil sample every 1.18 hectares, etc. ***1/ha. TS: total sand; MI: microporosity; MA: macroporosity; TPV: total pore volume; Ds: soil density.
Engenharia Agrícola, Jaboticabal, v.38, n.5, p.718-727, sep./oct. 2018 For the other two methodologies, sampling densities were different from those observed for geostatistics (Table 4) , which presented a lower sampling density when compared to the other two. The sampling density for the Cline (1944) formula was very variable, with values ranging from 0.3 to 83.85 points ha −1 , with the highest number of samples required for silt, TS, and MA. For the methodology proposed by Ding-Geng and Peace (2011), the sampling density was even higher when compared to the sampling densities previously presented.
The attributes silt, TS, and MA presented the highest requirements of samples per hectare, which also coincide with the highest values of coefficient of variation. It is noteworthy the differences between the two methodologies that consider the coefficient of variation, which do not offer a similar sampling density for all the attributes due to the differences in the coefficient of variation, a situation that was not observed using the range of the semivariogram, in which the number of samples per hectare were more similar. AT: total sand; MI: microporosity; MA: macroporosity; TPV: total pore volume; Ds: soil density. Aquino et al. (2014c) studied the sampling planning for physical attributes by using the range of the semivariogram and observed means of 35.00 and 29.80 points ha −1 and spacing of 20.61 and 22.93 m for native forest and pasture, respectively, which were enough to characterize soil physical attributes. Souza et al. (2006) investigated an optimum sampling density for the physical attributes in an Oxisol (Latossolo Vermelho eutroférrico, Brazilian Soil Classification System) under sugarcane cultivation by using the Cline (1944) formula and observed that higher number of samples are required to characterize Ds (9 points ha −1 ), TPV (49 points ha −1 ), microporosity (59 points ha −1 ), and macroporosity (131 points ha −1 ) on an ultra-detailed scale (1 ha). Santos et al. (2017) , using the same methodology for the study of sampling density in areas cultivated with conilon coffee in the State of Espírito Santo, found similar results regarding the number of samples needed to characterize Ds, MA, and clay content. Oliveira et al. (2014) compared the sampling densities obtained from the range of the semivariogram and the formula proposed by Cline (1944) and observed a significant difference between sampling densities of both methodologies, with that proposed by Cline (1944) presenting the highest number of samples required (376 vs. 4 points ha −1 ).
Studies on sampling planning using the methodology proposed by Ding-Geng & Peace (2011) involving soil attributes have not been reported in the literature. However, studies with landscape ecophysiology for sampling planning of insect collection were conducted in the states of São Paulo and Minas Gerais (Revoredo, 2015 ).
An estimation of the possible sampling costs was carried out considering the percentages of the coefficient of variation (25, 50, and 70%) and several error levels (5, 10, 15, 20, 25, and 30%) by using the Cline (1944) formula. This estimate aimed at presenting possible costs that the producer will have when considering several error levels. For the simulation, clay was used because it is an attribute that has a relationship with other soil attributes and it is easier to be determined (Figure 4 ).
Engenharia Agrícola, Jaboticabal, v.38, n.5, p.718-727, sep./oct. 2018 FIGURE 4 . Simulation of sampling costs considering several error levels and coefficients of variation In the studied area, the coefficient of variation of clay was 25% (blue line in Figure 4) . Considering a 5% error, the number of samples required was 10 points ha −1 . This sample represents a cost of almost BRL 300.00 (considering the costs of sampling + analysis). By estimating the same coefficient of variation and increasing the error level allowed to 10%, the required number of samples to characterize the spatial variability of this attribute decreased considerably to 3 points ha −1 , which represents a lower cost for the producer and a lower time spent for collecting samples. When increasing the allowed error level, the amount of samples required continues to decrease. On the other hand, in the hypothetical case that the attribute under study has a higher coefficient of variation, the number of samples needed to characterize its spatial variability also increases (green and red lines in Figure 4 ).
The estimation presented can assist in determining the best sampling planning considering the costs and the error level to which the producer would be willing to accept. Higher error levels would be related to a lower number of samples, but it could not be enough to describe the spatial variability of soil attributes. On the other hand, in order to consider the highest number of samples for the study of variability, new technologies must be taken into account to assist in reducing sampling costs, such as the indirect quantification of soil attributes (Peluco et al. 2013; Siqueira et al., 2010a) .
CONCLUSIONS
Under the studied approaches, sampling densities are different. The sampling density obtained from the geostatistics range proved to be more homogeneous. It is recommended, on average, one sample every 5.28 hectares for characterizing soil physical quality.
In the cost report, a sample density of 3 points ha −1 is suggested for elaborating variability maps with an error of up to 15% and soil attributes with a coefficient of variation close to 50%. 
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